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Abstract—Transportation system is facing a sharp disruption
since the Connected Autonomous Vehicles (CAVs) can free
people from driving and provide good driving experience with
the aid of Vehicle-to-Vehicle (V2V) communications. Although
CAVs bring benefits in terms of driving safety, vehicle string
stability, and road traffic throughput, most existing work aims at
improving only one of these performance metrics. However, these
metrics may be mutually competitive, as they share the same
communication and computing resource in a road segment. From
the perspective of joint optimizing driving safety, vehicle string
stability, and road traffic throughput, there is a big research
gap to be filled on the resource management for connected
autonomous driving. In this paper, we first explore the joint
optimization on driving safety, vehicle string stability, and road
traffic throughput by leveraging on the consensus Alternating
Directions Method of Multipliers algorithm (ADMM). However,
the limited communication bandwidth and on-board processing
capacity incur the resource competition in CAVs. We next analyze
the multiple tasks competition in the contention based medium
access to attain the upper bound delay of V2V-related application
offloading. An efficient sleeping multi-armed bandit tree-based al-
gorithm is proposed to address the resource assignment problem.
A series of simulation experiments are carried out to validate the
performance of the proposed algorithms.
Index Terms—Connected Autonomous Vehicles, Vehicle String
Stability, Driving Safety, Road Traffic Throughput, Resource
Management.
I. INTRODUCTION
AUTONOMOUS vehicles have been widely regarded asa promising technology to address great challenges in
the intelligent transportation systems, such as driving safety,
vehicle string stability (related to ride comfort), and road traffic
throughput [1]. However, the gains of autonomous driving
are determined by the accuracy of the on-board sensors (e.g.
Radar, camera, GPS) [2]. Nevertheless, these on-board sensors
are usually costly as the equipment of an individual vehicle,
if a vehicle does not equip complete on-board sensors, the
inaccurate sensing information and traffic estimation may incur
serious accidents. Vehicle-to-Vehicle (V2V) communications
compensate for the perceived deficiency of an individual
vehicle since the perception region of V2V communication
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is usually much larger than that of on-board sensors. The
on-board processors and information can be shared for many
vehicles in a large region. Thus, using shared computing and
information, the Connected Autonomous Vehicle (CAV) not
be necessarily equipped with complete on-board sensors for
the cost reduction [3].
Driving safety and road traffic throughput are always the
main goal for the driving strategy of CAVs. As the most
important aspect of autonomous vehicle systems, driving
safety is achieved by maintaining a suitable safety distance.
The safety distance is defined as the inter-vehicle spacing,
with which a crash can be avoided. Decreasing the inter-
vehicle spacing is an effective way to increase road traffic
throughput. In this case, platoons formed by vehicles with
the same driving speed and direction have the potential to
increase road traffic throughput by allowing small inter-vehicle
spacing. However, the dense road traffic with the small inter-
vehicle spacing can easily incur a back-and-forth velocity
oscillation in the platoon, which deteriorates an important
platoon metric, vehicle string stability. The string stability
is commonly associated with the acceleration frequency and
amplitude of vehicles in platoon [4]. Maintaining vehicle string
stability can lead to a good driving safety. Therefore, the
transportation management system should account for safe
driving, road traffic throughput, and vehicle string stability,
simultaneously.
It is known that accelerations of CAVs are controlled by the
Cooperative Adaptive Cruise Control (CACC) system, which
adaptively changes the vehicle velocity to maintain a suit-
able inter-vehicle spacing through Vehicle-to-Vehicle (V2V)
communication [5]. However, the inter-vehicle spacing among
CAVs is associated with the V2V bandwidth (communica-
tion resource) and on-board processing capacity (computing
resource). Sufficient communication and computing resources
can shorten the safety distance through reducing the the data
transmission delay and the on-board processing delay [6].
Unfortunately, due to the random distribution of vehicles, the
communication bandwidth in some road segments with low
road traffic is under-utilized, while the bandwidth is exhausted
in other road segments with road traffic jams. Additionally, the
high mobility of vehicles deteriorates the intermittent V2V
communication [7]. Previous work on CACC systems ignored
the unbalance and uncertainty of the resources allocated in
CAVs, which may result in undesired inter-vehicle spacing to
deteriorate road traffic.
This paper focuses on the exploration of the relation be-
tween safety distance, string stability, and road traffic through-
ar
X
iv
:2
00
6.
15
87
5v
1 
 [c
s.I
T]
  2
9 J
un
 20
20
2put. Next, we propose an effective inter-vehicle spacing con-
trol scheme to optimize the string stability and road traffic
throughput upon safe driving through resource management.
The contributions of this paper can be summarized as follows:
• Based on the continuum road traffic model, we propose a
mathematical model of the string stability in an account
of safety distance. We further propose an optimal inter-
vehicle spacing scheme that jointly optimizes road traffic
throughput and string stability upon safe driving.
• By leveraging the theory of network calculus, we derive
the closed-form of the upper bound of V2V offloading
delay for the contention-based medium access control
approaches such as IEEE 802.11p. This upper bound
can provide a criterion to decide whether a vehicle has
deficient communication and computing resource.
• According to the upper bound, we design an efficient
communication and computing resource management
approach that allocates the excess resource from the
resource-rich vehicles to the resource-deficient vehicles
in order to obtain the desired inter-vehicle spacing among
all CAVs. This resource management approach is able to
significantly reduce the execution time.
The remainder of this paper is organized as follows. Section
II reviews the related work. Section III presents the continuum
road traffic metrics. Section IV proposes the joint optimization
scheme. Section V gives the upper bound of the V2V offload-
ing delay. Section VI presents the resource allocation scheme.
Section VII demonstrates simulation results and discussion.
Finally, we draw the conclusion in Section VIII. A summary
of the important mathematical notations used in the paper is
given in Table I.
TABLE I: A summary of important mathematical notations.
Symbol Description
s∗ The safety distance
τ0 The perception-reaction delay
T(ij)k The upper bound of the V2V offloading delay for the appli-
cation k from vehicle i to vehicle j
ρ The vehicle density (number of vehicles in an unit area)
f The flux of vehicle string
F The road traffic throughput
Ri The available communication bandwidth of road segment i
δ The weight of string stability in optimization model
II. RELATED WORK
The advantage of the V2V based cooperative perception
enables an individual vehicle to have a longer perception
range, which can be used in the cooperative collision detection
[8] and lane changing warning. Nunen et al. [9] proposed
an intended acceleration prediction based on V2V perception,
which demands sufficient time to ensure high performance
and robustness in terms of string stability and driving safety.
However, the mathematical relation between string stability
and V2V cooperative perception is not identified. Nekoui
et al. [10] demonstrated the V2V communication improves
road traffic throughput by reducing driver Perception-Reaction
Time (Delay), which implies a high-speed compact platoon.
However, this work is not accounted for the impact of the
string stability on the vehicle string. The high-speed compact
platoons easily result in the vehicle string shockwaves that
adversely affects the ride comfort [4]. Although these work
discuss the V2V based perception impacting on road traffic
metrics, they ignored to jointly optimize driving safety, string
stability, and throughput through resource management.
In order to realize efficient resource management in the
V2V aided CAVs system, the critical work is to establish
the quantitative relations between the resources and the road
traffic metrics. There are many resource allocation studies
[11], [12], which attempt to establish reliable and efficient
V2V resource sharing among vehicles. However, most of them
did not give any mathematical explanation for the impact of
resources on the road traffic. Based on the network calculus
theory, Katsaros et al. [13] analyzed the upper bound of the
end-to-end delay for the location-based routing in a hybrid
vehicular network. However, they did not consider the multi-
tasks scenario, which is impractical in CAVs systems. In
addition, the aforementioned work also did not address the
resource allocation with intermittent V2V communication due
to the high mobility of vehicles. It is still an open challenge
to jointly optimize driving safety, vehicle string stability, and
road traffic throughput in the high dynamic CAVs system.
III. SYSTEM MODEL
The system model of joint optimizing multiple road traffic
metrics is illustrated in Fig. 1. The average inter-vehicle
spacing of each road segment is reported by platoons to
the transportation management servers through the Road Side
Units (RSUs) or cellular base stations. Each platoon will de-
clare own computing capability. Additionally, the information
about available bandwidth for a road segment is counted by
the near RSUs or base stations.
By virtue of our proposed algorithm, the transportation
management server provides the optimal safety distance (rec-
ommended inter-vehicle spacing) to each road segment to
improve the string stability and road traffic throughput upon
safe driving. However, optimal safety distance requires suf-
ficient communication and computing resource. Because of
the unbalanced resource distribution of the vehicles, the com-
puting resource in some vehicles with powerful on-board
processors are non-utilized. However, the resource in other
vehicles is exhausted [14]. One possible solution to handle
the maldistributed resource problem is the platoon-based edge
computing, where a platoon of vehicles with sufficient on-
board computing resources and communication bandwidth can
offer additional mobile edge computing resources coopera-
tively [15], [16]. Based on our proposed resource assignment
algorithm, the transportation management server issues the
instruction to implement the edge computing within a platoon
and communication reassignment among road segments.
To achieve optimal driving experience, a joint utility of
driving safety, string stability, and road traffic throughput
should be addressed. Driving safety aims to avoid accidents
occurring. The string stability typically is mainly impacted
by the vehicle accelerations [4]. Road traffic throughput is
determined by the average velocity and inter-vehicle spacing
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Fig. 1: Driving safety, string stability, and road traffic throughput are jointly optimized in multi-road segments.
[10]. Moreover, these road metrics are all relevant to the inter-
vehicle spacing. Hereafter, we investigate the continuum road
traffic model to reveal the relation of inter-vehicle spacing with
driving safety, string stability, and traffic throughput.
A. Safety Distance
The CACC system is used to make the follower keep a
proper inter-vehicle spacing from the leader. This proper inter-
vehicle spacing is named safety distance s∗. If the inter-
vehicle spacing is less than the safety distance, the collision
accident cannot be avoided [17]. To ensure the safe driving, we
investigate the rear-end scenario, where the average velocity
of vehicles is set to v. The preceding vehicle starts to brake
with the deceleration A at time t = 0. The follower detects the
braking behavior of the preceding vehicle at t = τ01. Hereafter,
it starts with the deceleration A to slowdown at t = τ02 + τ01,
where τ01 represents the interval from the braking of the
preceding vehicle to the perceiving of the follower. This
interval depends on the V2V transmission delay. Moreover,
τ02 is determined by the on-board processing capacity of the
follower. To avoid accidents, the safety distance s∗ between
two adjacent vehicles caters to Eq. (1) at t = 0,
s∗ =
A
2
τ20 + vτ0, (1)
where τ0 = τ02 + τ01 is referred to the perception-reaction
delay or time, which is the duration of time from an acci-
dent happened to the driver reacts [10]. If the inter-vehicle
spacing is larger than the safety distance, safe driving can be
guaranteed.
B. Vehicle String stability
There are many different aspects on stability. In this paper,
we focus on the vehicle string stability that is characterized
by the amplification of accelerations along the vehicle string.
Moreover, stable string stability has the property that the
maximal amplification of acceleration goes to 0 with the time
approaching infinity [4]. It can be expressed as
max
i
sup
t
∣∣∇2ui(t)∣∣ < α sup
t
∣∣∇2u1(t)∣∣ , (2)
where u1(t) is the position of the head vehicle. ∇2ui(t) is the
Laplace operator for the ith vehicle position, and α ∈ [0, 1].
Furthermore, there is ∇2ui(t) = c∇f , where f is the vehicle
flux, and c is a parameter that is proportional to ∇ρ.
If Eq. (2) is violated, few accelerations of the vehicle in the
vehicle string will result in so-called shockwaves of the vehicle
string upon the dense road traffic condition. In the dense road
traffic condition, the velocity of vehicles is lower than the
speed limit on the road due to the short inter-vehicle spacing.
While, in the sparse road traffic condition, the inter-vehicle
spacing is large enough to make vehicles attain the speed limit
without influencing road safety. The optimal driving strategy
of a vehicle in the sparse road traffic condition is trivial: the
velocity of the vehicle is equal to the road speed limit. Hence,
in this paper, we only concentrate on the dense road traffic.
In the dense road traffic, CAVs have to accelerate/decelerate
continually to adjust the inter-vehicle spacing to approach the
safety distance. When the inter-vehicle spacing is over the
safety distance s∗, the follower will accelerate to narrow the
gap that can improve the road traffic throughput. However,
when the inter-vehicle spacing is less than the safety distance
s∗, for safety driving, the follower should decelerate to leave
enough inter-vehicle spacing with the preceding vehicle. Then,
we give a concise condition to guarantee the vehicle string
stability upon the dense road traffic condition.
Theorem 1. In the dense road traffic condition, as the safety
distance s∗ approaching the current average inter-vehicle
spacing 1ρ of a vehicle string, i.e.,
‖1
ρ
− s∗‖ → 0, (3)
the vehicle string stability is guaranteed.
Proof. Here, ρ represents the vehicle density. We use un(t)
to denote the position of the nth vehicle in the vehicle string
4at the time t. Investigating the nth and (n + 1)th vehicles
of a vehicle string, if (un+1 − un) > s∗, the acceleration of
nth vehicle is proportional to the gap (un+1 − un). While
(un+1−un) < s∗, the deceleration of nth vehicle is inversely
proportional to the gap (un+1 − un). The behaviours of the
nth and (n − 1)th vehicles are same with that of nth and
(n+ 1)th vehicles in the vehicle string. Moreover, the above
statements in can be summarized as,
d2un
dt2
= −ζ(2un − un+1 − un−1), (4)
where ζ is a scale factor. d
2un
dt2 is the acceleration of the n
th
vehicle. Furthermore, the average position of the nth vehicle
is written as 〈u(t)n〉 = 12 [u(t)n+1 + u(t)n−1]. Hence, we get
d2un
dt2
= −2ζ (un − 〈un〉) = −2ζ
(
1
ρ
− s∗
)
. (5)
In addition, the basic conservation equation of the continuum
road traffic model is given as [18],
∂v
∂t
+ (v · ∇)v = dv
ρdt
, (6)
where v is the average velocity of vehicles on road. t is the
time component. According to d
2un
dt2 =
dv
dt , substituting Eq. (5)
to Eq. (6) and multiplying ρ in the both sides, we obtain,
ρ
∂v
∂t
+ (v · ∇)f = 2ζ
(
1
ρ
− s∗
)
, (7)
in which f = v × ρ is the flux of the vehicle string. ∇f
represents the spatial gradient of the flux. If ∇f is small,
the spatial differentiation of v and ρ will be constrained.
Then, road traffic flow through different positions will become
smooth that amplifies the driving experience. Similarly, ∂v∂t
reflects the temporal differentiation of the vehicle velocity. The
larger ∂v∂t indicates the heavy fluctuations of the vehicle string.
Consequentially, the optimal string stability is attained when
∂v
∂t and ∇f are both equal to 0. it results in
‖1
ρ
− s∗‖ = 0. (8)
Conversely, when the inter-vehicle spacing approaches the
safety distance, i.e., ‖ 1ρ−s∗‖ → 0, the gradient of the vehicles
flux ∇f → 0. Furthermore, due to ∇2u1(t) = c∇f , it implies
maxi supt
∣∣∇2ui(t)∣∣ = |c∇f | → 0. Additionally, the flux of
the preceding vehicle ∇2u1(t) is always positive. Therefore,
the inequality maxi supt
∣∣∇2ui(t)∣∣ < α supt ∣∣∇2u1(t)∣∣ holds.
The vehicle string stability is guaranteed.
C. Road Traffic Throughput
The road traffic throughput F is defined as the scalar form
of the vehicle string flux f . Therefore,
F = v · ρ, (9)
where the density ρ is inversely proportional to the average
inter-vehicle spacing. Thus, shorten the average inter-vehicle
spacing that can increase road traffic throughput. Besides, due
to applying the CACC system, the inter-vehicle spacing always
surrounds the safety distance. Therefore, we can convert
the maximization of road traffic throughput to minimize the
safety distance s∗. However, the optimization of vehicle string
stability aims to narrow the gap between safety distance and
the average inter-vehicle spacing ‖ 1ρ − s∗‖. Consequently,
transportation management cannot only optimize road traffic
throughput but consider the impact on vehicle string stability.
Remark. In a dense road traffic condition, if the safety
distance is less than the current average inter-vehicle spacing,
i.e., s∗ < 1ρ , improving road traffic throughput will deteriorate
the vehicle string stability.
IV. JOINT OPTIMIZATION OF DRIVING SAFETY, STRING
STABILITY, AND ROAD TRAFFIC THROUGHPUT
In this section, we propose an optimization model that
jointly optimizes driving safety, string stability, and road traffic
throughput in multi-road segments. Note that guaranteeing the
driving safety is the prerequisite of optimizing string stability
and road traffic throughput. To drive safety, the following
vehicles should maintain the safety distance with the preceding
vehicle in the vehicle string. In [19], the safety distance of
road segment i is determined by communication bandwidth Ri
and on-board computing capacity θie of vehicle e, where the
computing capacity θie represents the CPU cycles of vehicle e
[16]. We assume vehicles in the same road segment competing
with each other for the common V2V bandwidth. And, there
are M road segments in the transportation system. To achieve
the optimal road traffic throughput and string stability upon
driving safety, the optimization model is proposed as
P1: min
Ri,θi
M∑
i
(
s∗i (Ri,θ
i) + δ‖s∗i (Ri,θi)−
1
ρi
‖
)
s.t. C1: s∗i (Ri,θi) ≥ 0, C2: 0 ≤
∑
i
Ri ≤ Rupper,
C3: 0 ≤ θie ≤ θuppere ,
(10)
where s∗i represents the safe distance in road segment i;
θi = {θi1, . . . , θig} is the set of on-board computing resource
offered by vehicles in road segment i. The vehicle density
of the road segment i is ρi; δ is a coefficient to balance
road traffic throughput and string stability. Rupper is the total
communication resource of the transportation system. θuppere
is the available on-board computing capacity for vehicle e.
It is difficult to solve the P1 directly since s∗i (Ri,θ
i) is non-
linear with Ri and θi. Therefore, to efficiently solve P1, we
decompose P1 into two sub-problems in this paper. In the first
part, we convert P1 into P2 that omits the communication and
computing resources constraints on CAVs (constraint C2 and
C3). The optimal safety distance of P2 jointly optimizes road
traffic throughput and string stability without the resources
constraints. Hereafter, the second part is designed to propose
a resource management that allocates the communication and
computing resource to meet the demands of the optimal safety
distance. Moreover, the resource management caters to C2 and
C3 constraints.
5P2: min
Ri,θi
M∑
i
(
s∗i + δ‖s∗i −
1
ρi
‖
)
s.t. C4: s∗i ≥ 0.
(11)
In the first part, we introduce the intermediate constraint
s∗ − z = 0 to transform P2 to the general form to apply the
consensus Alternating Directions Method of Multipliers algo-
rithm (ADMM) [20]. One benefit of the consensus ADMM is
to make the safety distance of different road segments identical
by iterations, which gradually eliminates the traffic fluctuations
when vehicles alter into another road segment. In addition, the
monotonicity of ‖s∗‖22 is same with that of s∗. Thus, we can
replace s∗ with 12‖s∗‖22 in P3 to transform P2 to the standard
LASSO form [20].
P3: min
s∗
1
2
M∑
i
‖s∗i ‖22 + δ‖z −
1
ρi
‖
s.t. C5: s∗i − z = 0.
(12)
Since the minimum 12
∑M
i ‖s∗i ‖22 + δ‖z − 1ρi ‖ results in a
non-negative s∗, the constraint C4 is unnecessary in P3.
Moreover, the augmented Lagrangian of P3 is
Lµ (s∗1, . . . , s∗M ,y, z)
=
M∑
i=1
1
2 ‖s∗i ‖22 + yTi (s∗i − z) + µ2 ‖s∗i − z‖22 + δ‖z − 1ρi ‖
,
(13)
where µ ∈ R+ is a positive penalty parameter in the
augmented Lagrangian [21]. y is the vector of Lagrange
multipliers. The iterations of updating s∗i , global variable z,
and Lagrange multiplier ξi are given as
s∗i
k+1 := (1 + µ)
−1
µ
(
zk − ξki − E
{
1
ρ
})
zk+1 := Sδ/µ
(
E
{
s∗k+1 + ξk
})
+ E
{
1
ρ
}
ξk+1i := ξ
k
i + s
∗
i
k+1 − zk+1,
(14)
where ξi = yiµ . E{a} is the expectation of a. s∗ =
{s∗1, . . . , s∗M} is the set of safety distance in different
road segments. ξ represents the set of {ξ1, . . . , ξM}. 1ρ =
{ 1ρ1 , . . . , 1ρM }. Sδ/µ(a) is the soft threshold operator that is
given by [20]
Sδ/µ(a) =
 a− δ/µ a > δ/µ0 |a| ≤ δ/µ
a+ δ/µ a < −δ/µ.
(15)
In addition, the stopping criterion of the iteration is
∥∥rk∥∥2
2
=
M∑
i=1
∥∥∥s∗i k − zk∥∥∥2
2
≤  prim∥∥∥Drk∥∥∥2
2
= Mµ2
∥∥zk − zk−1∥∥2
2
≤  dual ,
(16)
where rk and Drk represent the primal residual and the dual
residual, respectively [20].  prim and  dual are the constant
thresholds. Based on the above analysis, the multi-road seg-
ment joint optimization scheme is summarized as Alg. 1.
Algorithm 1: ADMM-based joint optimization scheme
1 input : 1
ρ
, z ← 1, ξi ← yiµ ;
2 while
∥∥∥Drk∥∥∥2
2
≤  dual and ∥∥rki ∥∥22 ≤  prim do
3 Update s∗i
k+1 ← (1 + µ)−1 µ
(
zk − ξki − E
{
1
ρ
})
;
4 Update zk+1 ← Sδ/µ
(
E
{
s∗k+1 + ξk
})
+ E
{
1
ρ
}
;
5 Update ξk+1i = ξ
k
i + s
∗
i
k+1 − zk+1 ;
6 Update rk+1i = s
∗
i
k+1 − zk+1 ;
7 output : s∗
V. UPPER BOUND OF V2V OFFLOADING DELAY
To take account of constraints C2 and C3, we need to figure
out the demands of communication and computing resource
to support the optimal safety distance. In addition, a typical
task offloading paradigm includes the communication process
and the computing process. Therefore, the V2V task offload-
ing performance can be used to determine the demands of
communication and computing resource in the CACC system.
However, most previous works mainly concentrated on the
access delay [22]. As for edge computing-based applications,
the computing/processing delay is also a dominant factor to
affect the quality of services. Hence, we take the account of
the communication delay and the computing delay in the delay
performance analysis.
In addition, this paper focuses on the upper bound delay
performance rather than the average delay performance. If we
adjust the upper bound delay of V2V offloading smaller than
the delay requirement of the application, the delay requirement
of the application can be guaranteed. However, the average
delay is an average time consuming of the V2V offloading.
When the variance of the offloading delay becomes large, the
average delay cannot give any promise to complete the appli-
cation offloading in time. The upper bound delay of vehicular
communication have been widely studied [22]. However, the
previous work did not consider the transmission collisions. An
advantage of the network calculus (NC) is that it can easily
obtain the end-to-end upper bound delay in the competitive
concatenated system. Thus, in this paper, we apply the NC
model to obtain the end-to-end delay for the V2V application
offloading.
In the NC theory, an arrival process A(s, t) = A(t)−A(s)
represents the cumulative number of the input network traffic
of a vehicle in the time interval (0, t]. There are K categories
of driving assistance applications {1, . . . ,K}. The data vol-
ume of the CACC application is denoted by ok and the average
arrival rate is λk [23]. According to the (, σ)-upper constraint,
we have A(t)−A(s) ≤ λk(t− s) + ok [24]. Thus, the arrival
curve of CACC application in vehicle i is αi,k(t) = λk ·t+ok.
Besides, the total volume of network traffic should not
exceed the communication capacity, i.e., N
∑K
i=1 λioi ≤ Rj .
N is the number of CAVs in road segment j. Rj is the
communication bandwidth of road segment j. Based on the
optimal safety distance obtained from Alg. 1, we get N = 2ιLs∗ ,
where ι is the number of lanes in the road segment. L is the
6V2V radio range. Hereafter, the upper bound delay of V2V
offloading is given as follow
Theorem 2. The upper bound delay of V2V offloading for
vehicle i with application k in road segment j is
T(ij)k =
okηk
θi
+
ok
Rj −Hλ +
ΛHλ +Ho
Rj −Hλ + Λ. (17)
where Λ =
(
2ε+1 − 1 + 2ε(γ − ε))W0 is the protocol-related
part; okηkθi is the computing delay;
ok
Rj−Hλ represents the
transmission delay; ΛHλ+HoRj−Hλ is regarded as the competition
delay, in which Hλ = N
∑K
l 6=k λl + (N − 1)λk and Ho =
N
∑K
l 6=k ol + (N − 1)ok.
Proof. The competitive V2V communication applies the
contention-based medium access control approaches such as
the IEEE 802.11p standard, which resorts to the exponential
back-off algorithm. This paper assumes the exponential back-
off process has γ back-off states and the initial size of the
back-off window is W0. Therefore, the size of the window in
the back-off state g is expressed as Wg = min {2gW0, 2εW0},
where ε is a threshold to limit the increase of the counter,
0 < ε ≤ γ. If the back-off counter exceeds ε, the size of
the back-off window will not grow anymore. Therefore, the
maximum waiting time for the V2V access is
γ∑
g=0
Wg =
(
2ε+1 − 1 + 2ε(γ − ε))W0. (18)
According to the superposition property [24], the whole
arrival curves except for the CACC application traffic of
vehicle i is regarded as a superposition curve αik(t):
αˆik(t) =
N∑
j 6=i
K∑
l 6=k
αj,l(t)
=
N K∑
l 6=k
λl + (N − 1)λk
 · t+N K∑
l 6=k
ol + (N − 1)ok.
(19)
The transmission capability of the competitive V2V chan-
nel is constrained by the classical latency-rate service curve
β(t) = R(t−x)+ [24], in which x is the service delay of the
V2V channel. Hence, we get
β(t) = Rj
(
t− (2ε+1 − 1 + 2ε(γ − ε))W0)+ , (20)
where (x)+ = max{x, 0}. Next, according to the theory of
Leftover Service [24], we obtain the service curve of the V2V
transmission to serve CACC application k for vehicle i
βi,k(t) = (β − αˆik)+(t)
= (Rj −Hλ)
[
t−
(
ΛHλ +Ho
Rj −Hλ + Λ
)]+
,
(21)
where Λ =
(
2ε+1 − 1 + 2ε(γ − ε))W0, Hλ = N∑Kl 6=k λl +
(N − 1)λk and Ho = N
∑K
l 6=k ol + (N − 1)ok. Similarly, the
service curve of on-board computing and executing is
βi,k,h(t) = rh
(
t− okηk
θi
)+
, (22)
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(a) Upper bound delay of the dif-
ferent communication and com-
puting capacities in a platoon
with 3 vehicles.
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(b) Upper bound delay of the dif-
ferent number of vehicles, where
the computing capacity of each
vehicle is 60 Mbps.
Fig. 2: Numerical demonstration of Eq. (26).
where rh is the execution rate, which is much higher than the
V2V transmission capacity, i.e. rh  R. Then, according to
the concatenation property [25], the total offloading service
curve of the CACC application for vehicle i is
βji,k(t) = βi,k ⊗ βi,k,h, (23)
where (a⊗ b)(x) = inf0≤y≤x[a(y) + b(x− y)]. Thus, we get
βji,k(t) = (Rj −Hλ)
[
t−
(
okηk
θi
+
ΛRj +Ho
Rj −Hλ
)]+
. (24)
Based on the delay bound theorem [24], the service delay
Di,k(t) of the application offloading satisfies
Di,k(t) ≤ h(αi,k(t), βji,k(t)), (25)
where h(a, b) = suph≥0{inf{τ ≥ 0 : a(x) ≤ b(x + τ)}}.
Finally, the upper bound of the V2V offloading delay of
application k for vehicle i is
T(ij)k = h(αi,k(t), β
j
i,k(t))
=
okηk
θi
+
ok
Rj −Hλ +
ΛHλ +Ho
Rj −Hλ + Λ.
(26)
To show the effectiveness of the proposed bound in Eq. (26),
we use a simple numerical example to demonstrate the impact
of communication and computing resources on the upper
bound delay of V2V offloading in Fig. 2. Fig. 2a depicts the
curve of upper bound delay T(ij)k with the communication
capacity Rj and computing capacity θi of vehicle i in road
segment j. In the numerical scenario, the platoon is assembled
by 3 vehicles. Each vehicle has to support 5 vehicular assis-
tance applications, i.e. K = 5. The data volume of applications
o = {o1, . . . , oK} is randomly distributed from [1, 3] (Mb).
The arrival rate λ = {λ1, . . . , λK} is generated from the
uniform distribution where U [0.4, 0.8]. W0 = 0.2, ηk = 5,
γ = 2, and ε = 1. As shown in Fig. 2a, the upper bound
delay drops with the rising communication capacity and on-
board computing capacity θi. While θi is generated from 10
to 20, the upper bound declines significantly. However, if θi
is over 40, the benefits from the high computing will become
less. This is because the bottleneck of the upper bound delay is
caused by the V2V transmission rather than computing delay
when a vehicle has enough computing capacity.
7Fig. 2b demonstrates the upper bound delay with a different
number of vehicles. Due to the competition among vehicles,
the upper bound delay increases with the number of vehicles.
However, when the bandwidth is sufficiently large, then the
delay caused by the transmission competition can be negligi-
ble. Therefore, upon the large communication bandwidth, the
upper bound delay is less affected by the number of vehicles in
the platoon, but it is predominated by the computing capacity
of each vehicle.
Lemma 1. When the on-board computing is sufficient large,
then the upper bound of V2V offloading delay is reduced
to the summation of a transmission delay, a competition
delay, and a protocol-related part. i.e., lim
θi→+∞
T(ij)k =
ok
Rj−Hλ +
ΛHλ+Ho
Rj−Hλ + Λ. While the bandwidth is sufficient
large, then the upper bound of V2V offloading delay is reduced
to the computing delay plus the protocol-related part. i.e.,
lim
Rj→+∞
T(ij)k =
okηk
θi
+ Λ.
Proof. The above equations can be derived by Eq. (26) taking
θi →∞ and Rj →∞, respectively.
Lemma 1 indicates the efficient way to increase resource
that can significantly reduce the upper bound delay of V2V
offloading.
VI. MULTI-ARMED BANDIT RESOURCE SCHEDULING
The CACC system needs sufficient computing and com-
munication to process diverse and historical kinetic analyses
to maintain the optimal inter-vehicle spacing among vehicles.
However, many other automated assistance applications, such
as cooperative malicious attacks detection applications [26],
and cooperative lane change applications, will compete with
the CACC application for the limited bandwidth and on-board
process capacity. If the CACC system cannot obtain sufficient
resources to maintain the optimal safety distance obtained
from Alg. 1, CAVs will increase the inter-vehicle spacing to
reduce the resource demands of the CACC application [19].
In general, different vehicles occupy different computing re-
sources since the on-board processors are diverse. Besides, the
available V2V communication bandwidth of a road segment is
determined by the number of vehicles and the bandwidth as-
signment of the road segment [27]. Because of the unbalanced
distribution of vehicles and resources, some vehicles with the
deficient computing or communication resource cannot attain
the optimal inter-vehicle spacing.
In this section, we study the resource allocation under
intermittent V2V communication. Here, through Alg. 1, we
can obtain the optimal safety distance s∗ of P3. Hereafter,
according to Eq. (1), the delay requirement of CACC applica-
tion to maintain the optimal s∗ among CAVs is
τ0(s
∗) =
√
v2 + 2As∗ − v
A
. (27)
where τ0 is the perception-reaction delay that represents the
duration from an event happens to the preventive action
adopted by vehicles [10]. To satisfy the limited resource
constraints, the upper bound of the V2V offloading delay
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Fig. 3: Offloading pairs between J0 and J1.
T(ij)k should not exceed the perception-reaction delay τ0(s∗)
of the optimal safety distance s∗.
Therefore, the vehicles in a road segment can be divided into
two groups: one group is resource-deficient vehicles, another
is resource-rich vehicles. The criterion of distinguishing the
two groups is based on the value of (T(ij)k − τ0). Vehicles
with (T(ij)k − τ0) < 0 are clustered into J1 that represents
the vehicles with sufficient resources. While vehicles with
(T(ij)k − τ0) > 0 are clustered into J0 that represents the
vehicles lacking of resource. Due to the resource constraints,
the inter-vehicle spacing of vehicles in J0 cannot maintain the
optimal safety distance with the preceding vehicle.
Hereafter, we rank J0 = {J01 , J02 , . . . J0p} in order of
descending (T(ij)k − τ0). For instance, J01 is the vehicle with
the largest (T(ij)k − τ0). Next, J01 will offload its application
to the vehicles in set J1 = {J11 , J12 , . . . J1q }. Afterwards,
vehicle J02 offloads its applications to the J
1 vehicles, and
so on. Before each offloading, vehicles will update the value
(T(ij)k − τ0) for the next scheduling. In addition, we draw
the offloading pairs of vehicles of J0 and J1 in Fig. 3. In
this demonstration, each vehicle of J0 has applications needed
to offload. The offloading targets are selected from J1. Each
vehicle of J1 can handle multiply offloading tasks according
to the redundant computing capability.
Consequently, we propose a Sleeping Multi-Armed Bandit
Tree-based Offloading (SMTO) scheduling that selects can-
didate vehicles to process the offloading applications in a
high mobility circumstance. The sleeping Multi-Armed Bandit
(MAB) model refers to the sequential optimization problem
where the action set is time-varying [28]. The available actions
at each round are uncertain that is same with the intermittent
V2V transmission, where the application will disappear when
the vehicle leave the radio range of the target vehicle.
We assume that the offloading vehicle does not have prior
knowledge about its environment (e.g., which vehicles will
leave or stay in the radio range). This significantly reduces
the communication overhead. The offloading vehicle does not
need to issue its kinetic information to surroundings. Our
proposed algorithm focuses on the vehicle platoon, where
vehicles may drive off the communication platoon during the
offloading. The candidate offloading target are selected by
big(t+ 1) = arg max
j∈Ni
Qg(t)
+
√√√√Pg [τk − T(ij)k]+ lnn(ij)(t)
J(ij)(t) ,
(28)
where big(t) represents the selected target to process the
offloading application g from the vehicle i at time t. Qg(t) is
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Fig. 4: Sleeping MAB Tree-based Offloading.
the reward of finishing the application g at time t [29]. n(ij)(t)
is the connected duration between the vehicle i and vehicle j at
time t, which can be measured by the period HELLO message.
When vehicle j leaves the platoon, n(xj)(t) is reset to 0, where
x represents any vehicle in the platoon. J(ij)(t) is the number
of selection times of vehicle j to be the offloading target for
vehicle i. And, Pg is a weight of application g. However,
according to Eq. (28), if a new vehicle appears in the platoon,
it will be selected as the offloading target. The reason is that
a new vehicle usually stays longer than the previous vehicles
in the platoon. So that the new vehicle can provide a more
stable V2V connection than that of the previous vehicles in
the platoon.
The Sleeping MAB Tree search structure is illustrated
in Fig. 4. Since one platoon can only support N = 2ιLs∗
vehicles, each vehicle connects with N − 1 vehicles via V2V
communication. There are K number of V2V applications for
offloading. In addition, we sort the vehicular applications with
the order of priority, where application i represents the ith
priority application. The application 1 has the highest priority.
The application with high priority is delay-sensitive, such
as CACC and lane change assist applications. As shown in
Fig. 4, the first row of the tree demonstrates the application 1
offloading. Subsequently, the application 2 is offloaded in the
second row, etc. In each application offloading, the algorithm
will check the J0j of the road segment j is whether or not
empty. If J0j ∈ ∅, the algorithm is stopped.
In this paper, the V2V bandwidth of each road segment
is centrally assigned by the transportation management server.
After the match of J0 and J1, we divide the road segments into
two groups. The road segments with J0 = ∅ belong to J0empty .
The other road segments with J0 6= ∅ belong to J0exist, where
J0empty represents the road segment without any deficiency
vehicle. However, J0exist represents the road segments that
still have some vehicle lacking of resource to maintain the
optimal safety distance. According to Eq. (26), the minimum
recouped communication bandwidth Rexistj is used to recoup
the bandwidth of road segment j ∈ J0exist that is identical to
Rexistj = max
i∈j
[
ok + ΛHλ +Ho
τ0 − okηkθi − Λ
+Hλ −Rj
]
. (29)
On the other hand, road segments of J0empty provide their
part of communication bandwidth to recoup the deficient
resource in J0exist. Similarly, based on Eq. (26), the maximum
communication bandwidth Remptyu supplied by road segment
u ∈ J0empty is
Remptyu = min
i∈u
[
Ru − ok + ΛHλ +Ho
τ0 − okηkθi − Λ
−Hλ
]
. (30)
Therefore, to balance the bandwidth distribution of different
road segments, the provided bandwidth of road segment u ∈
J0empty is
∆Remptyu = R
empty
u −max
[
DR
M
, 0
]
. (31)
And, the supplied bandwidth of road segment j ∈ J0exist is
∆Rexistj = R
exist
j +
DR
M
. (32)
where DR =
∑
u∈J0empty
Remptyu −
∑
j∈J0exist
Rexistj is the dif-
ference between the total surplus bandwidth of J0empty and
the total deficient bandwidth of J0exist. While DR < 0, the
total bandwidth of the transportation system cannot maintain
all vehicles with the optimal safety distance s∗. Some vehicles
in the deficient road segment will increase their average inter-
vehicle spacing (sacrificing road traffic efficiency) to guarantee
driving safety.
The process of the SMTO resource allocation is elaborated
in Alg. 2, where R = [R1, . . . , RM ]. M is the total number
of road segments. Qparent of big is the reward of the parent
of the node g in vehicle i. At time t, if a new vehicle
becomes available to connect with vehicle i, the algorithm
will choose it as the offloading target. Otherwise, the algorithm
selects the vehicle with Eq. (28) among the available vehicles,
where Hbg (t) =
√
Pg[T(ij)k−τk]+ lnn(ij)(t)
J(ij)(t) is the width of
the confidence interval of vehicle big at the time t. Hereafter,
we verify J0exist whether it is the empty set. If it is not, the
transportation management server will reassign the bandwidth
to recoup the deficient resource in J0exist.
VII. PERFORMANCE EVALUATION
To confirm the impact of safety distance on the string
stability and road traffic throughput, we account for a Cellular
Automata-based three-lane highway scenario, which has been
investigated in a plethora of road traffic studies. Daoudia et
al. [30] proposed a Cellular Automata-based three-lane version
which takes into account of the exchange vehicles between the
different lanes. However, this model did not account for the
acceleration of vehicles. Li et al. [31] considered the hetero-
geneity of vehicle acceleration by the Cellular Automata, but
the simulation is only suitable for the freeway traffic flow.
Zamith et al. [32] defined the actions of a specific vehicle in
the Cellular Automata traffic context that depicts the vehicle
behaviors by the stochastic rules. However, vehicle behaviors
are not always stochastic. Some of which should follow the
traffic rules. In this section, we assume that a vehicle involves
velocity updating (deceleration/acceleration), lane changing,
and road congestion. These behaviors are elaborated below.
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Fig. 5: Relations of the safety distance with string stability and road traffic throughput.
Algorithm 2: SMTO Resource Allocation
1 input : R, Qg(0), J0, and J1
2 for j : road segment 1 to M do
3 while True do
4 if J0j (g, big) = ∅ then
5 Update reward Qg(t+ 1);
6 while big has the parent do
7 Update Qparent of big (t+ 1)← Qg(t+ 1);
8 if S (g, big) is a leaf node then
9 Select a child for application g + 1;
10 bi(g+1) ← arg max
j∈Ni
Qg(j) +Hbg (t);
11 nbig (t+ 1)← nbig (t) + 1, for all bi(t) ∈ Ni(t)
12 if vehicle j accepts the application g + 1 then
13 Append the child j to the tree;
14 Update J(ij)(t+ 1)← J(ij)(t) + 1;
15 if J0exist 6= ∅ then
16 if j ∈ J0exist then
17 Rj ← Rj + ∆Rexistj ;
18 if j ∈ J0empty then
19 Rj ← Rj −∆Remptyj ;
20 else
21 Break;
22 output : R
1) Acceleration: if v < vmax pixel/s, (v ≥ 1 pixel/s),
and the distance with the preceding vehicle is lager than the
safety distance, (the distance with the preceding vehicle is
less than the safety distance), v(t+ 1) = v(t) + 1, (v(t+ 1) =
v(t) − 1), where vmax = 30 pixel/s is the limit speed in a
particular road segment.
2) Uniform speed: if v = vmax pixel/s or the inter-vehicle
spacing is equal to the safety distance, v(t+ 1) = v(t).
3) Lane Changing: If one adjacent lane has enough consec-
utive space, while there is heavy traffic on the current lane, the
vehicle will go into the adjacent lane with a certain probability.
4) Road congestion: road congestion is triggered when two
successive vehicles touch each other. In this case, the velocity
of the touched vehicles set to 0 pixel/s.
direction of road traffic flow
Fig. 6: Cellular Automation for road traffic. The length of the road
segment is 100 pixels, and the limit speed is 30 pixel/s.
The above-mentioned behaviors can precisely imitate the
real vehicle behaviors on road. The simulation scenario is
shown in Fig. 6, in which each black pixel represents a vehicle
and each white pixel represents a unit empty space on road.
The initial speed of the entry vehicles is set to 5 pixel/s. The
average arrival rate is 0.5. The length of the road segment is
100 pixels. Leveraging the Cellular Automata simulation, we
investigate the impact of the safety distance on string stability
and road traffic throughput in Fig. 5a and Fig. 5b, respectively.
A. The impact of safety distance on comfort and throughput
In Fig. 5a, the differential distance Dd(t) represents the
difference of the average inter-vehicle spacing in two succes-
sive time slots, i.e., Dd(t) = ‖s(t) − s(t − 1)‖, where s(t)
is the average inter-vehicle spacing in a road segment at time
t. In general, the differential distance reflects the fluctuation
of the inter-vehicle spacing that represents the instability of
vehicle string. The large differential distance results in a heavy
fluctuation of vehicle string and deteriorating ride comfort and
energy efficiency. When the average inter-vehicle spacing s(t)
closes to the safety distance s∗, as shown in Fig. 5a, the
differential distance becomes small in time interval [20, 100].
However, in time interval [0, 20], the average inter-vehicle
spacing is far away from the safety distance, which results
in a large fluctuation of differential distance. Meanwhile,
the vehicle string becomes unstable and deteriorates the ride
comfort of passengers. Fig. 5b illustrates that road traffic
throughput is inversely proportional to the safety distance.
The reason is that the safety distance is the equilibrium
inter-vehicle spacing. And, the road traffic throughput density
is determined by the equilibrium inter-vehicle spacing and
velocity. Moreover, larger equilibrium vehicle spacing derives
the lower road traffic throughput. Therefore, the safety distance
is inversely proportional to the road traffic throughput.
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B. The relation between string stability and throughput
Hereafter, we investigate the relation between string stability
and road traffic throughput. To carefully compare the string
stability metric ‖ 1ρ − s∗‖ with road traffic throughput, we
introduce the normalized gap ds, which is defined as
ds = min
{ ‖ 1ρ − s∗‖
max{‖ 1ρ − s∗‖, ω}
, 1
}
, (33)
where ω is an infinitesimal number to avoid zero denominator.
Road traffic throughput compared with the normalized gap
is demonstrated in Fig. 5c. Road traffic throughput increases
with the normalized gap. The large normalized gap represents
the heavy fluctuation of a vehicle string that deteriorates
string stability. This result verifies our analysis conclusion: the
transportation operator cannot optimize road traffic throughput
without considering the impact on the vehicle string stability.
The numerical simulation of Alg. 1 is depicted in Fig. 5d.
Here, we investigate five road segments whose initial road
densities are randomly generated from [0.02, 0.1] (m−1).
There are 3 vehicular applications to offload. The arrival rate
of each application is randomly generated from [0.2, 1.5].
yi
µ and z are both initialized to 1. As shown in Fig. 5d,
each curve represents an asymptotic result of Alg. 1 with a
certain δ. Fig. 5d demonstrates the optimal safety distance
increased with the value of δ. This is because δ represents
the weight of the stability of road traffic in the optimization.
According to the optimization (12), larger δ is prone to
minimize ‖z − 1ρi ‖, where z = 1M
M∑
i=1
1
ρi
as δ → ∞. In
our simulation, 1M
M∑
i=1
1
ρi
= 37.61. Thus, the optimal safety
distance approaches to 37.61 when δ becomes large. However,
if δ is small, the algorithm prefers to minimize s∗ for road
throughput. When δ is over 40, the affect of 12
∑M
i ‖s∗i ‖22
can be neglected in Eq. (12). The optimization model P3
reduces to a simple `1-Norm problem, which results in a fast
convergence of the curves δ = 40, δ = 45, and δ = 50.
Therefore, transportation management server can adapt the
different values of δ to obtain the favourable vehicle string
stability and road traffic throughput.
In addition, we investigate our proposed SMTO algorithm
in terms of execution time, average offloading delay, accep-
tance ratio, and rewards, compared with that of the FML
algorithm, FML-D algorithm, traditional UCB algorithm, and
the Greedy algorithm. FML is proposed by Sim et al. [33],
[34], which is a contextual multi-armed bandit online learning
algorithm. FML-D is the FML algorithm combined with the
upper bound delay information. In the FML-D algorithm, the
exploitation process is revised as bi(g+1) ← arg max
j∈Ni
Qg(j)+√
[τk − T(ij)k]+, where Qg(t) represents the returned reward
of completing the application g at time t. The UCB algorithm
is a classical learning algorithm for multi-armed bandit prob-
lems [35]. However, it does not take the account of upper
bound delay T(ij)k. Comparing with the SMTO, the Greedy
algorithm does not consider the upper bound delay and always
stays in the exploitation process.
Due to the limited communication bandwidth, the maximum
number of vehicles of the platoon is set to 5 in our simulation.
The leaving probability of each vehicle in the platoon is
followed by the experiential distribution, where the average
leaving rate is 0.2. The initial number of vehicles in the platoon
is 3. The computing resource (CPU frequency) of each vehicle
is randomly selected from [2, 10] Mbps. The sharing commu-
nication bandwidth of the platoon is 10 Mbps. The category
of applications is set to 5. The data volume of each application
is generated from [1, 5] (Mb), uniformly. Each application
has own delay requirement that is selected from the range of
[1, 3] seconds. Moreover, each application has own priority that
represents the importance of this category application. When a
high priority application has been finished, it feedbacks a high
reward. The summation of the feedback rewards is denoted by
Qg in Eq. (28). In the simulation, each algorithm implements
1000 times to obtain stable statistical results. The simulation
is implemented by Wolfram Mathematica on a laptop with
i5-8300h CPU and 16G RAM.
C. Execution Time
The execution time of different algorithms is illustrated in
Fig. 7a. The execution time is collected from 1000 times
offloading process since the SMTO, FML-D, FML, and UCB
algorithms need enough simulation time to train. For fairly
comparing, the Greedy algorithm also implements 1000 times.
The Greedy algorithm has the lowest execution time because
of the simplicity. The execution time of the proposed SMTO is
lower than the UCB, FML, and FML-D algorithms. Since the
collection of the upper bound delay information requires extra
time, the FML-D has the highest execution time for decision
making. Because of the extra upper bound delay information
and simple search structure, SMTO is faster than the UCB,
FML, and FML-D upon the exploitation process that results
in the low execution time of SMTO.
D. Offloading Delay
Fig. 7b depicts the offloading delay of different algorithms.
In our simulation, the offloading delay is composed of the
transmission delay and processing delay [36]. If an offloading
delay excesses the requirement delay of the application, we
regard the double times of the requirement delay as the offload-
ing delay. The SMTO algorithm achieves the least offloading
delay. Comparing to the other algorithms, the offloading delay
of the Greedy algorithm is unstable.
E. Acceptance Ratio
Next, we investigate the impact of the different algorithms
on the acceptance ratio and rewards of the V2V related
applications. Fig. 7c illustrates the box-plot of applications
acceptance ratio for different algorithms. The offloading ac-
ceptance ratio (AR) is given as
AR =
Naccept
N total
, (34)
where N total and Naccept represent the number of the total
arrived applications and the number of accepted applications,
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Fig. 7: Performances of different algorithms.
respectively. The y-axis of Fig. 7c is the acceptance ratio.
The expectation of acceptance ratio of SMTO is the largest,
and that of Greedy algorithm is the smallest. In addition,
acceptance ratio of FML-D, FML, and UCB are very similar.
F. Rewards
The box-plot of the rewards versus different algorithms is
illustrated in Fig. 7d, where the y-axis is the average rewards.
Each category application has its own reward to courage vehi-
cles to complete this category application in time. In general,
the rewards of the CACC applications are higher than that of
the lane change assist applications. In our simulation, there
are 5 categories applications whose the rewards are assumed
as {0.5, 1, 1.5, 2, 2.5}, respectively. In Fig. 7d, the average
reward of SMTO is the largest. The Greedy algorithm has
better rewards than that of the UCB. However, the fluctuation
of Greedy algorithm is the largest compared with that of the
other four algorithms. The reason is that the Greedy algorithm
only invokes a simple maximum rewards exploitation, which
is not suitable for the high dynamic vehicular environment.
VIII. CONCLUSION
In this paper, we analyze the properties of driving safety,
vehicle string stability, and road traffic throughput, as well as
the relationship between them. Then, the joint optimization
of these road metrics is formulated in terms of resource
management. It can be found that the vehicle string stability
and road traffic throughput are coupled with each other upon
the precondition of safe driving. Optimizing one of the road
traffic metrics cannot avoid the influence on the other one. In
addition, communication bandwidth and on-board computing
can be regarded as the control variables for these road traffic
metrics from the perspective of resource management. With
a given amount of communication and computing resources,
the upper bound delay of V2V offloading can be determined
based on the NC theory. The obtained upper bound delay is
helpful for the transportation planner to improve road traffic
performances. As a future work, we will study a comprehen-
sive scheme taking an account of the Cellular-based Vehicle-
to-Everything (C-V2X) communication in transportation man-
agement.
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